
Materials and Design 30 (2009) 1209–1215
Contents lists available at ScienceDirect

Materials and Design

journal homepage: www.elsevier .com/locate /matdes
Multi-objective optimization of material selection for sustainable products:
Artificial neural networks and genetic algorithm approach

Chang-Chun Zhou, Guo-Fu Yin *, Xiao-Bing Hu
School of Manufacturing Science and Engineering, Sichuan University, Chengdu, Sichuan Province 610065, China

a r t i c l e i n f o a b s t r a c t
Article history:
Received 29 October 2007
Accepted 3 June 2008
Available online 7 June 2008

Keywords:
Selection for material properties (H)
Environmental performance (E)
0261-3069/$ - see front matter � 2008 Elsevier Ltd. A
doi:10.1016/j.matdes.2008.06.006

* Corresponding author. Tel.: +86 028 85460689; fa
E-mail address: gfyin@scu.edu.cn (G.-F. Yin).
Material properties and selection are very important in product design. To get more sustainable products,
not only the technical and economic factors, but also the environmental factors should be considered. To
satisfy the requirements, evaluation indicators of materials are presented. Environmental impacts were
calculated by the Life Cycle Assessment method (LCA method). An integration of artificial neural net-
works (ANN) with genetic algorithms (GAs) is proposed to optimize the multi-objectives of material
selection. It was validated by an example that the system can select suitable materials to develop sustain-
able products.

� 2008 Elsevier Ltd. All rights reserved.
1. Introduction

The choice of materials for a manufacturing process is impor-
tant. It plays an important role during the life cycle of product.
When selecting materials, designers should consider a large num-
ber of factors. Previously the selection process is either design-ori-
ented [1], product-oriented [2], or cost-oriented [3]. However, the
environment-oriented aspect is getting more concern in recent
years. Therefore, it becomes a multi-criteria decision problem [4].
During material selection for a sustainable product design, deci-
sions are based on some factors such as cost, mechanical proper-
ties, process performance and environmental aspects, and so on
[5].

The requirements of the material selection not only include the
technical and economic factors, but also the environmental factors
[6]. However, the multi-objectives are often in conflicts [5]. In gen-
eral, in such areas as material selection, trusting experience is
more common than using numerical approach. Because there are
numerous different choices and many various criteria influencing
the selection, so a more precise approach would be required. With
the development of computers, more and more artificial intelli-
gence technologies come true. The problem of material selection
has reached a certain maturity with the help of sophisticated com-
puter software tools [7,8]. For example, Sirisalee et al. [5] proposed
to use a Pareto Set to search for non-dominated solutions. Ashby
[9] established the value function to determine the optimum point.
Beiter et al. [10] developed an expert system to perform reasoning
for the selection of plastics materials. Yang et al. [11] proposed a
genetically optimized neural network system to assist the decision
ll rights reserved.
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maker to deal with the composite material selection and operating
conditions problem. However, their works in material selection
were based on simple criteria, the environmental impacts through-
out the life cycle of a product have not been fully taken into ac-
count. This paper presented an integrated approach to optimize
the multi-objectives of material selection. It was based on both
the consideration of material characteristics and sustainable strat-
egies. It will help designers to select suitable materials to develop
sustainable products [12,13].

2. Method

2.1. Sustainable products

A sustainable product is a product which results as little impact
on the environment as possible during its life cycle. The sustain-
able aspects of products include extraction of raw material, pro-
duction, use and final recycling (or degradation). The energy
consumption of materials in the forming process (e.g. forging and
casting), the final treatment process (e.g. heat treatment and sur-
face treatment) and the economic cost are also included [14]. The
six rings in the sustainability chain connect each other closely,
which is described in Fig. 1.

To develop sustainable products, some principles should be
kept:

� Using materials with low environmental pollution.
� Reducing use of rare or scarce materials.
� Choosing clean production process materials.
� Avoiding hazardous and toxic materials.
� Using easy recycling, easy reuse and easy degradation materials.
� Using materials with low energy consumption [15].

mailto:gfyin@scu.edu.cn
http://www.sciencedirect.com/science/journal/02613069
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2.2. Material selection evaluation indicators of sustainable products

Selecting materials for sustainable products, some evaluation
indicators should be considered [16]. Fig. 2 shows the evaluation
indicators of material selection.

Traditional decisions in material selection only consider the
mechanical properties, process properties and cost. However, the
new approach should additionally consider environmental aspect.
Besides, there are several factors in each aspect, all these are the
multi-objectives of material selection oriented to sustainable
products.

The first important property of material is the mechanical prop-
erty, which includes strength, stiffness, toughness, hardness, den-
sity and creep resistance etc. Mechanical properties are the
conventional properties of materials. It should be satisfied the ba-
sic requirements of products design.

For most enterprises, economic property is the most important
aspect in product design and material selection. In this study, these
four factors were considered into economic property. It includes
the purchase cost of raw materials, the cost of processing, the cost
of transportation and the cost of recycle waste or disposal the used
products.

In a world with limited resources and serious environmental
pollution, it is obvious that a more sustainable life style will be
more and more important. Previously, environmental problems
were often seen as a single problem due to the impact of product’s
special phases. However, today it becomes much more complex
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Fig. 2. Evaluation indicators of material selection.
and related to all the phases in product’s life cycle. So the environ-
mental property of material is especially important. It includes
environmental pollution, energy consumption, recycle or reuse of
used product and breakdown.

Besides, other properties such as process properties should be
also considered. Materials with good process performance can de-
crease energy consumption, reduce environmental pollution and
save economic cost.

2.3. Evaluation environmental impact with the LCA-method

In order to develop sustainable products, environmental im-
pacts of materials need to be evaluated. The Life Cycle Assessment
(LCA) method is probably the most widespread technique for eval-
uating environmental impacts associated with material products
[17]. It takes into consideration all the phases of the product’s life
cycle. ISO 14040 [18] describes the general structure of the LCA
methodology, which includes goal and scope definition, life cycle
inventory (LCI) analysis, life cycle impact assessment (LCIA), and
interpretation. However, the result of an LCI is an extensive list
of inputs (resources) and outputs (airborne, waterborne and solid
emissions). It is difficult to compare different types of environmen-
tal impacts. One way of facilitating such comparisons is to convert
all impacts to the same unit or even to turn all LCI data into a single
environmental indicator. This problem can be solved by applying
Eco-Indicator’99 method.

Eco-Indicator’99 is an analysis method used to quantify the
environmental effects associated with a process or product
through the identification and quantification of the resources used
and the waste generated [19,20]. The method is composed of sev-
eral mandatory elements (classification and characterisation) that
convert LCI results into an indicator for each impact category and
a number of optional elements (normalisation and weighting) that
obtain a single indicator across impact categories using numerical
factors based on value choices (see Fig. 3):

� Classification is the step in which the data from the inventory
analysis are grouped together into a number of impact
categories.

� Characterization is the step in which aggregation of the impacts
within each category takes place. Environmental impacts are
converted into a category indicator.
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Fig. 3. Quantification of the environmental effects with Eco-Indicator’99.



Fig. 4. BP neural network model structure.
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� Normalisation is the step in which the category indicator result
is compared using a reference value (the average yearly environ-
mental load in a country or continent, the number of inhabit-
ants, etc.). The category indicator is divided by the reference.

� Weighting is the step in which the impact category indicator
results are multiplied by weighting factors and are added to
form a total score. Weighting can be applied to normalised or
non-normalised scores.

The method to quantify and translate environmental impacts
into ecoindicator is to give every product an environmental load.
This can be done with, for example, the Environmental Load Unit
(ELU) mPt/kg or unit. ELU is a sum of the environmental load for
a product with respect to material production, process, use,
waste disposal, etc. It is evaluated with SimaPro V.6 software,
and the environmental impacts are expressed in mPt (milliPoint).
With this software it is possible to get the inventory data for
evaluating environmental impact [21]. It is easier to evaluate
and compare different materials. This is very important when
selection materials for developing sustainable products. For
example, PP’s production environmental zoology index is
306 mPt/kg, which represents to produce 1 mPt PP will increase
306 mPt environmental load; Recycling 1 kg PP, the environmen-
tal zoology index is �195 mPt/kg, which means this process is
good for the environment, and it can reduce 19 mPt environmen-
tal load. Table 1 is an evaluation of environmental zoology index
value of PP. With this method environmental impacts of different
materials can be quantitatively analyzed, more sustainable mate-
rials can be found [22].

2.4. Building model method

Artificial neural networks (ANNs) mimic human brains to learn
the relationships between certain inputs and outputs from experi-
ence. The neural network contains one input layer, hidden layers,
and one output layer. Fig. 4 shows the error back-propagation neu-
ral network (BPN) model structure. In the present study, all param-
eters are normalized in the interval of [0, 1] and fed to the nodes of
the input layer. The number of nodes in the input layer equals the
number of parameters in the material selection process. The output
layer represents the fitness of the candidate materials. The hidden
layer represents the interactions between the input and output
layers. For each input–output pair (i, y), the back-propagation algo-
Table 1
Environmental zoology index value of PP

Life cycle process Environmental zoology index value

Material production 306 mPt/kg
Disposal (incineration) �6.71 mPt/kg
Disposal (landfill) 3.36 mPt/kg
Recycling �195 mPt/kg
Energetic cost 100–120 MJ/kg
Recyclable fraction 0.45–0.55
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rithm first calculate the output ‘‘y0” by propagating ‘‘I” forward
from input layer to output layer. Then, the error signal ||y–y0|| is
back propagated from the output layer to input layer to update
the connection weights. In addition, training procedure can be
ceased if the network output reaches close enough to the desired
output. Details of the error back-propagation neural network
(BPN) can be found in the reference [23].

Genetic Algorithms (GAs) is a direct search algorithm [24],
which was introduced by Holland [25]. Recently, GA has emerged
as a popular method for global optimization. In the present study,
GA is adopted to select the input variable of the BP neural network,
which greatly affects the output variable, and this can simplify the
BP network structure and can reduce the learning time. By combin-
ing the BP neural network and GA, a multi-objective optimization
model of material selection for sustainable products was built. The
model (see Fig. 5) includes:

(1) Sample data capturing and processing.
(2) Applying GA to select and simplify the input variable of the

model.
(3) Respectively building a network model to forecast the

mechanical properties, economic properties, environmental
properties and total fitness of different candidate materials,
training the BP network, and ensuring that it has forecasting
ability.

(4) Optimizing and analyzing each objective. To analyze the
effect of the input parameters on the objectives, and with
the change of the input variable, the relation between the
input parameters and the objectives can be obtained.

2.5. Multi-objective optimization of material selection

In material selection, many different factors should be taken
into account, and the multi-objectives should be optimized. Gener-
ally, the objectives can be described as follows:
Multi-objective   
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BP network 
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� The best mechanical properties: MB

In the present study, it defines material’s general physics prop-
erties as PM.

PM ¼
Xn

i¼1

PiMðxÞWi; s:t: PiM P PiD;
Xn

i¼1

Wi ¼ 1: ð1Þ

where n is the number of material’s required physics properties.
PiM is the ith item physics property. PiD is the design physics
property of the i-th item. Wi is the weight coefficient of i-th item
physics properties. Besides, the number of material’s required
physics properties n lies on the required items of products de-
sign, and the weight co-efficient Wi lies on the importance of
the item in products design. For example, when selecting mate-
rials for some products of airplane, the mass of products is very
important, so the Wi of density should set bigger. For simplifying
building the multi-objective optimization model, it set

MB ¼
1

PM
: ð2Þ

� The lowest life cycle cost of: C
Generally, life cycle cost includes these four parts:
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CP ¼ CPðxÞWD ð3Þ

where CP (x) is purchase cost function of materials (units: $/
kg); WD is the design quality of products (units: kg).
(ii) Process cost of materials: CM
CM ¼
Xm

i¼1

CiMðxÞWD ð4Þ

where m is the process number of materials; CiMðxÞ is the
process cost function of ith processing (units: $/kg); WD is
the design quality of products (units: kg).
(iii) Transport cost for distribution of products: CT
CT ¼ CTðxÞWD ð5Þ

where CTðxÞ is purchase cost function of materials (units:
$/kg); WD is the design quality of products (units: kg).
(iv) Recycle cost of materials: CR
CR ¼ CRðxÞWD ð6Þ
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Fig. 7. Some drink containers.

Table 2
Multi-objectives of material selection for ‘green’ drink containers

Multi-objectives Reference parameters/aspects

Reducing the weight of
the container

Density, strength, toughness, hardness, ductility,
elasticity, compressive strength, Young’s modulus,
Poisson’s ratio, . . .

Minimizing the cost of
the container

Cost of raw materials, cost of processing, cost of
transportation, cost of recycle waste
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where CRðxÞ is the recycle cost function of materials (units: $/
kg); WD is the design quality of products (units: kg).
Totally, the lowest life cycle cost of material is defined as:

min C ¼ min
x2X
ðCP þ CM þ CT þ CRÞ ð7Þ

� The minimum environmental impact in material’s life cycle: EI

Generally, material’s life cycle process includes: (a) production
phases; (b) process phases; (c) using phases; (d) waste disposal
phases. In green design, for getting more sustainable products it
defines material’s minimum environmental impact as:

min EI ¼min
x2X

EIðxÞWD ð8Þ

where EIðxÞ is the environmental zoology index of materials (units:
mPt/kg); WD is the design quality of products (units: kg).

In conclusion, the optimization problem is formulated in order
to find the highest fitness value of the candidate materials. The
multi-objective optimization model can be defined as:

min
x2X
ðMB; C; EIÞ ð9Þ
Minimizing
environmental
pollution

Energy consumption, emission to air, emission to
water, solid emissions, reuse and recycling

Table 3
Material data of different properties: polypropylene

Mechanical properties Parameter value

Young’s modulus 896–1240 Mpa
Shear modulus 315–435 Mpa
Poisson’s ratio 0.41–0.42
Elastic limit 20–29 Mpa
Tensile strength 27–38 Mpa
Compressive strength 25–55 Mpa
Hardness 62–90 Mpa
Fatigue limit 11–15 Mpa
Density 890–900 Kg/m3

Economic properties Price
Price of raw material (powder) 1543–1565 $/T
2.6. Flow diagram of material selection

In the process of material selection, after defined the require-
ments of materials, the analysis of material’s different properties
can be done, and the candidate materials are listed as follows.
Material’s relevant data should be transferred and initialized by
Eq. (10), which is illustrated in the fifth part of this paper detail-
edly. In this research, an integration of Artificial Neural Networks
(ANN) with Genetic Algorithms (GAs) is proposed to optimize the
multi-objectives of materials [26]. Generally, searching a best fit-
ness function for GAs is an important and difficult step, with the
aim of obtaining a good fitness function, the BPN is used to estab-
lish the process model of material selection. It search fitness func-
tion and target function value for Genetic Algorithms. GAs is
applied in multi-objective optimization. It can find the optimum
solution by using the BPN as fitness function [27,28]. The flow dia-
gram of material selection is described in Fig. 6.
Price of recycle (white crushed material) 715–800 $/T

Environmental properties Parameter value
EI material production 306 mPt/kg
EI disposal (incineration) �6.71 mPt/kg
EI disposal (landfill) 3.36 mPt/kg
EI recycling �195 mPt/kg
Energetic cost 100–120 MJ/kg
Recyclable fraction 0.45–0.55
3. Application

The following example illustrates the multi-objective optimiza-
tion of material selection. The problem of material selection of
drinks container is a multi-objective optimization process. Drink
containers come in a number of shapes and sizes but the most
common is the standard cylindrical shape bottle (See Fig. 7). The
bottle can be approximated to a pressure vessel, and which is
loaded in plane stress [29].

Table 2 summarizes the multi-objectives of material selection
for ‘green’ drink containers. The objectives include reducing the
weight of the container; minimizing the costs and environmental
pollution. Since the function of the container packaging, a consid-
erable amount of its environmental impact will result from the
used products. So, reducing the weight of container will help to
save the raw materials so as to reduce the environmental impacts
and costs.

After the design requirements are defined, some candidate
materials would be suitable for using in the ‘green’ drink
containers:

Aluminum, HDPE, PVC, Polypropylene, Soda glass, steel, and
Zinc.

When candidate materials are decided, the data of material’s
different properties can be searched in the system, and then the
system will transfer and initialize the relevant data. Table 3 lists
the original data of PP. In this study, the data primary processing
method is expressed as Eq. (10). This method makes sure the sam-
ples are normalized in the interval of [0, 1]. It is more feasible for
learning in the BP neural network.

Xn ¼
In � Im

Imax � Imin
ð10Þ

where: xn is nth input pattern after primary processing; In is nth in-
put pattern prior to primary processing; Imax is the maximum
among all input patterns prior to primary processing; and Imin is
the minimum among all input patterns prior to primary processing.

In this system, the inputs are the transferred data of materials
different properties value, which is between [0, 1]. The outputs
are the fitness value of candidate materials, which is between [0,
1] too. After system calculated, the fitness value of different mate-



Table 4
Candidate material’s fitness value of drink containers

Materials code y1 y2 y3 y4 y5 y6 y7
Materials Aluminum HDPE PVC Polypropylene Soda glass Steel Zinc

Mechanical properties 0.7642 0.6851 0.6765 0.6209 0.7016 0.7908 0.7589
Economic properties 0.6786 0.7935 0.8024 0.7854 0.8014 0.7018 0.6618
Environmental properties 0.7839 0.6492 0.6806 0.6751 0.7168 0.8017 0.7803
Total fitness 0.8037 0.6702 0.6149 0.6592 0.7021 0.6919 0.6862

Fig. 8. Priority of candidate material’s different properties.

1214 C.-C. Zhou et al. / Materials and Design 30 (2009) 1209–1215
rials can be found. Table 4 is the candidate material’s fitness value
of drink containers. Fig. 8 describes the priority of candidate mate-
rial’s different properties.

4. Results and discussions

In this example, we use the same criterion to evaluate the can-
didate materials. However, in the actual case it needs to think
about other parameters such as manufacturability and also perme-
ability to carbon dioxide (for fizzy drinks). Glass, aluminum, steel,
and Zinc are all suitable for fizzy drinks and can be easily manufac-
tured into containers. PVC, polypropylene, and HDPE are not suit-
able for using in fizzy drinks applications, but they are suitable
for packaging liquid such as milk and orange juice. These materials
can also be easily manufactured using injection moulding. In these
applications less strength is required due to the lack of pressure
loading on the container. Besides, the metal materials are better
to environment if recycle or reuse, but their cost are higher than
that of plastic.

The analysis methods of the material’s environmental impacts
have a number of limitations. Because that the data may not be
representative of particular operations used to produce the specific
materials, and not all of the environmental impact factors were
considered. Further more, the overall environmental impacts were
calculated by the Life Cycle Analysis method, but not all materials
subject to such method, and there are many material’s relevant
data are not available. Hence, more works about the material’s
database should be completed and updated. It should become
more accurate, more comprehensive and more useful.

5. Conclusion

The selection of materials is the key process in product design.
The impact of selecting right materials can be critical, because it
not only affects the product’s cost, functions and quality, but also
affects our environment. It also contributes the safety and health
to users. The multi-objectives in material selection may contradict
each other. The selection of the final material should be a consid-
eration of all these factors but not the particular one. In this paper,
an integration of artificial neural networks and genetic algorithm
system is proposed to optimize the multi-objectives. Finally, the
authors have used an example to show the material selection of
drink containers. The results show that the system can calculate
and harmonize different factors, and select suitable materials. This
approach can help designers select materials rightly and efficiently,
and it is expected to be used for further development to fit the new
changes of industry needs.
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